Introduction: Accurate estimates of risk are essential for physicians if they are to recommend a specific management to patients with bladder cancer. In this review, we discuss the criteria for the evaluation of nomograms and review current available nomograms for advanced bladder cancer. Methods: A retrospective review of the Pubmed database between 2002 and 2008 was performed using the keywords 'nomogram' and 'bladder'. We limited the articles to advanced bladder cancer. We recorded input variables, prediction form, number of patients used to develop the prediction tools, the outcome being predicted, prediction tool-specific features, predictive accuracy, and whether validation was performed. Results: We discuss the characteristics needed to evaluate nomograms such as predictive accuracy, calibration, generalizability, level of complexity, effect of competing risks, conditional probabilities, and head-to-head comparison with other prediction methods. The predictive accuracies of the pre-cystectomy tools (n ¼ 2) range from 65-75% and that of the post-cystectomy tools (n ¼ 5) range from 75-80%. While some of these nomograms are wellcalibrated and outperform AJCC staging, none has been externally validated. To date, four studies demonstrated a statistically significant improvement in predictive accuracy of nomograms by including biomarkers. Conclusions: Nomograms provide accurate individualized estimates of outcomes. They currently represent the most accurate and discriminatory decision-making aids tools for predicting outcomes in patients with bladder cancer. Use of current nomograms could improve current selection of patients for standard therapy and investigational trial design by ensuring homogeneous groups. The addition of biological markers to the currently available nomograms using clinical and pathologic data holds the promise of improving prediction and refining management of patients with bladder cancer.
Introduction
Carcinoma of the urinary bladder, the fourth most common cancer in men and the eighth most common cause of death by cancer in men, results in significant morbidity and mortality [Jemal et al. 2008 ]. There will be an estimated 68,810 new cases and 14,100 deaths in US men and women in 2008, the vast majority of which are urothelial carcinoma (UC). The majority of patients present with non muscle-invasive tumors, while 20-25% of patients have a muscleinvasive cancer as the first manifestation of their disease. Radical cystectomy (RC) is the treatment of choice for patients with muscleinvasive cancers and for select patients with non muscle-invasive cancers that have failed intravesical therapy or who are considered high-risk for progression to muscle-invasive disease [Witjes and Hendricksen, 2007] . Despite advances in surgical techniques, deeper understanding of the role of lymphadenectomy and progress in postoperative care, 5-year diseasespecific survival after RC remains 50-60% Stein et al. 2001] .
Accurate estimates of the likelihood of treatment success, complications and long-term morbidity are essential for patient counseling and informed medical decision-making (MDM) regarding treatment options. Knowing the probability of progression after RC is essential for selection of patients, who may benefit from adjunctive chemotherapy, particularly with the availability of effective systemic therapies and accurate prediction of the presence of systemic micrometastatic disease [Amiel and Lerner, 2006] . A well-informed patient will be more likely to be compliant with treatment suggestions and studies suggest that a lack of patient involvement is a major risk factor for regret of treatment choice [Miles et al. 1999] , particularly when complications arise [Clark et al. 2001 ]. Finally, accurate risk-estimates may help identifying homogeneous high-risk patient groups to assist with clinical trial design and accrual.
Traditionally, physician judgment has formed the basis for risk estimation, patient counseling and MDM, however, clinicians' estimates might be biased due to subjective and objective confounders that exist at all stages of the prediction process [Hogarth and Karelaia, 2007; Vlaev and Chater, 2006; Kattan, 2001; Elstein, 1999] . Clinicians do not recall all cases equally; certain cases can stand out and exert an unsuitably large influence when predicting future outcomes. Clinicians might be inconsistent when processing their memory and tend to resort to heuristics when processing becomes difficult [Kattan, 2002] . When it is time to make a prediction, they tend to predict the preferred outcome rather than the outcome with the highest probability [Kattan, 2001] . Finally, without resorting to the use of computers, clinicians might find it difficult to integrate the growing numbers of predictor variables that are important in MDM [Ross et al. 2002; Rabbani et al. 2000 ]. To circumvent these limitations and to obtain the most accurate and reliable predictions, researchers have developed predictive/prognostic tools based on statistical models. These tools have been shown to perform better than clinical judgment, when predicting probabilities of outcome [Specht et al. 2005; Ross et al. 2002] . However, physician input is obviously still essential for the measurement of variables that are used in the prediction process, as well as in the interpretation and application of model-derived outcome predictions in clinical practice.
Among the available decision aids, nomograms currently represent the most accurate and discriminatory tools for predicting outcomes in patients with cancer [Capitanio et al. 2008; Shariat et al. 2009; 2008c; 2008d; 2008f; 2008g; 2008h; 2008i; 2008j] . Various studies have documented the superior performance of nomograms compared to riskgrouping [Shariat et al. 2009; Chun et al. 2007b; Kattan et al. 2003a; 2003b; 2002; Kattan, 2003a; 2003b] , look-up tables [Chun et al. 2007b; Gallina et al. 2007; Briganti et al. 2006; Kattan, 2003a; 2003b] , tree analysis [Chun et al. 2007b; Steuber et al. 2006; Kattan, 2003a] , and artificial neural networks (ANN) [Chun et al. 2007a; Kattan, 2003a; Terrin et al. 2003; Schwarzer and Schumacher, 2002; Sargent, 2001] . In this review, we discuss the criteria for the evaluation of nomograms and discuss current available nomograms for advanced bladder cancer. We describe the patient populations to which they apply and the outcomes predicted, and report their individual characteristics.
Nomogram: definition
Various distinct statistical methodologies have broadly been described as 'nomograms.' According to the strict definition, a nomogram represents a graphical calculation instrument, that can be based on any type of function, such as logistic regression or Cox hazards ratio regression models [Kattan, 2002; Kattan et al. 1998 ]. The nomogram can usually incorporate continuous or categorical variables. The effect of the variables on the specific outcome is represented in the format of axes, and risk points are attributed according to the prognostic/predictive importance of the variable of interest. For example, the nomogram in Figure 1 [Karakiewicz et al. 2006a ] assigns to each pathologic stage a unique point value that represents its prognostic significance.
The nomogram format is unique as it allows numerous combinations of the inputs of many continuously and/or categorically coded variables. This format distinguishes nomograms from look-up tables or decision trees, where continuously coded variables cannot be processed, and where data availability limits the degree of stratification to avoid empty cells or dead-end branches. Nomograms are designed to extract the maximum amount of information from data with the goal of providing the most accurate predictions.
Evaluation predictive tools
Decision aids can be compared, based on several characteristics: predictive accuracy, calibration (correlation between predicted and observed risk throughout the entire range of predictions), generalizability, level of complexity, adjustment for the effect of competing risks, and use of conditional probabilities.
Predictive accuracy
Accuracy quantifies the model's ability to discriminate between patients with or without the outcome of interest. The quantification uses the area under the curve (AUC) for binary outcomes (i.e., binary logistic regression models), and the c-index for censored data (i.e., time-to-event data) [Begg et al. 2000 ]. The AUC measures the ability of the nomogram to discriminate between those with or without the outcome of interest, while the c-index measures the ability of the nomogram to randomly chose first, patients who have the event of choice. As for the AUC, a c-index of 0.5 represents no discriminating ability, whereas a value of 1.0 represents perfect discrimination.
A particular model's accuracy represents the most important consideration for comparison of different models. A valid determination of the model's accuracy would require the application of the same model under novel testing conditions, different from the development cohort. Thus the accuracy should be ideally tested in an independent cohort, however, in the absence of an external cohort, models are usually subjected to internal validation. In this situation, bootstrapping represents the ideal internal validation format, where the development dataset is used to simulate model testing under novel conditions [Steyerberg et al. 2003; Kattan, 2003a; 2002; Steyerberg et al. 2001; Steyerberg et al. 1998; Bradley, 1993] . Split-sample and crossvalidation (leave-one-out validation) also represent valid alternatives [Steyerberg et al. 2001] . To obtain nomogram predicted probability of recurrence, locate patient values at each axis, Draw a vertical line to the "Point" axis to determine how many points are attributed for each variable value. Sum the points for all variables. Locate the sum on the "Total Points" line. Draw a verticale line towards the the 2YrRecFP, 5YrRecFP and 8YrRecFP axes to respectively determine the 2 year recurrence-free probability, the 5 year recurrence-free probability and the 8 year recurrence-free probability. 
Calibration
The model's accuracy (discrimination) indicates the overall ability to predict the outcome of interest. However, overall accuracy does not indicate the ability of the model to predict the outcome of interest in specific patient groups or according to risk level. For example, a model that is 80% accurate may predict virtually perfectly in high-risk patients, but may demonstrate dismal performance in low-risk ones. The relationship between predicted risk and observed rate of the outcome of interest should be provided for each new model, along with its overall accuracy. Calibration plots provide this type of information and can be obtained for internal, as well as external data [Steyerberg et al. 2007; Steyerberg et al. 2003; Steyerberg et al. 2001; Steyerberg et al. 1998; Bradley 1993] . These plots graphically illustrate the relationship between predicted and observed rates of the outcome of interest. Ideally, a model with perfect ability to predict the outcome of interest should exhibit a 1:1 relationship between predicted and observed rates, which results in a 45 slope.
Generalizability
Several considerations may undermine the generalizability of a model under specific conditions or in a specific population. Differences in disease and in population characteristics may undermine the accuracy of predictive and prognostic models, when applied to a different population. Specific model criteria, such as inclusion and exclusion criteria, do not allow the use of models for patients with different characteristics or who have been exposed to different treatment modalities. For example, a model that is specific to UC cannot be applied to patients with squamous cell variants. Moreover, models that were developed using high-volume single center databases may not be invariably applicable to community practice. Therefore, it is imperative that the clinician knows whether a specific model is indeed generalizable and applicable to the population they intend to apply it to 2008c; 2008d; 2008g; Shariat et al. 2005; Steyerberg et al. 2003; Bradley, 1993] .
A models' ability to predict a specific outcome may be affected by population characteristics that change over time. In general, more contemporary cancer patients are diagnosed with more favorable stage and grade. Therefore, this kind of tool requires periodic reappraisals to assess the effect of stage and grade migration. One may find that predictions devised on historic cohorts no longer apply to contemporary series of patients. However, models may also show stable accuracy and performance characteristics. External validation in contemporary cohorts is necessary to ensure temporal validity.
Level of complexity
The level of complexity of a predictive or prognostic model represents an important practical consideration. Excessively complex models, which rely on multiple variables, are clearly impractical in busy clinical practice. Similarly, models that rely on variables that are not routinely available are impractical. These include models that rely on novel biomarkers, which in turn require non-commercially available and/or non-standardized assays, making the instrument unsuitable for the great majority of the clinicians.
Adjustment for competing risks
Because of the protracted course of cancer, competing causes of mortality are extremely important variables to be taken into consideration, when building predictive/prognostic models [Shariat et al. 2007a; 2006c; Lotan et al. 2005 ]. Competing risk modeling is able to predict cancer control rates, after accounting for the effects of competing risks. There is a need for more competing risk based modeling to better understand the risk of bladder cancer in the context of other cause mortality. Such predictions are important to clinicians, as well as to patients, especially when over-treatment or sub-optimal treatment considerations are addressed. Indeed, since the morbidity and mortality of bladder cancer treatment are not trivial, clinicians must be able to better risk-stratify bladder cancer patients to assure that those who are to benefit the most from the intervention, derive such benefit [Nielsen et al. 2007 ]. To date, the only modeling tools that allow adjustment for competing risks are nomograms Chun et al. 2006 ].
Conditional probabilities
The updated versions of the pre-and post-operative Kattan nomograms for prediction of biochemical recurrence after radical prostatectomy provide the opportunity to adjust for diseasefree interval from surgery [Stephenson et al. 2005; . Absence of adjustment for disease-free interval presents the clinician with an excessively somber estimate of cancer control over time. Expectedly, the latter improves with increasing disease-free interval. While the preliminary format of one such conditional probability nomogram has been presented, ] no such model has been published, to date, in the bladder cancer literature.
Head-to-head comparison
When judging a new tool, one should examine its predictive accuracy, validity, and calibration relative to established models, with the intent of determining whether the new model offers advantages relative to available alternatives [Margulis et al. 2008a; Shariat et al. 2008c; 2008d; 2008j; Kattan, 2003a; 2003b Steyerberg et al. 2001; ]. Head-to-head comparisons represent the most direct and unbiased analysis of objective attributes (accuracy and calibration) of various models. Subsequently, complexity, generalizability and other considerations may also be compared. With this approach, the alternatives are compared directly, without having to judge the concordance index in isolation or against a possibly arbitrary threshold.
The main steps required in a head-to-head comparison consist of the application of the original model to a common external dataset that will serve for testing of all models that will be compared to one another. The original model is then applied to each individual observation to derive the probability of the outcome of interest. The predictions are then compared against observed rates of the outcome of interest, and accuracy (discrimination) is calculated using the receiver operating characteristics curve or another measure of discrimination, such as the Brier index. These steps are repeated for each of the tested models. A common mistake consists of refitting a new model that relies on the same variables as the original model and calling it the validation model.
Currently available predicition tools
The above discussion is meant to provide guidelines in the process of analyzing and utilizing decision aid selection instruments, such as nomograms. Herein, we provide an overview of nomograms used for advanced bladder cancer (Table 1) . We recorded predictor variables, the outcome of interest, the number of patients utilized to develop the tools, tool-specific features, predictive accuracy estimates, and whether internal and/or external validation has been performed.
Pre-operative nomogram for prediction of pathologic features at RC Inaccuracy of the pre-RC clinical staging system is well documented, but continues to be a major determinant, governing MDM [Shariat et al. 2007b] . Consequently, development of accurate preoperative risk-stratification models would allow prediction of advanced disease and enable better selection of patients, who would benefit from neo-adjuvant systemic chemotherapy. To this end, pre-RC nomograms for the prediction of advanced pathologic stage (pT3-4) and presence of lymph node metastases were developed from a multicenter cohort of 731 patients with available clinical and pathologic staging data ]. This cohort was derived from a collaboration of Baylor College of Medicine, UT Southwestern, and Johns Hopkins who pooled their data on 958 patients treated with radical cystectomy and bilateral pelvic lymphadenectomy, and University of Montreal (Bladder Cancer Research Consortium-BCRC). When patient age, transurethral resection (TUR) stage, grade, and presence of carcinoma in situ (CIS) were integrated within the nomogram, 75.7% accuracy was recorded in predicting advance pathologic stage (pT3-4) versus 71.4% when TUR stage alone was used. The nomogram was 63.1% accurate in predicting lymph node metastases, when TUR stage and grade were used vs. 61% using TUR stage alone. The various components of these nomograms can be accessed at www. nomogram.org.
The pre-RC nomograms provide only a modest increase in accuracy. Nonetheless, they demonstrate that the combined use of clinical and pathologic variables, which cannot always be integrated within look-up tables, results in more accurate predictions than the use of a single variable. Several variables may have contributed to the suboptimal accuracy of these nomograms. These may include differences in TUR technique, non-standardized use of re-staging biopsies and variability in the pathologic evaluation. Possibly, the integration of other pathologic prognostic markers, such as lymphovascular invasion (LVI), in addition to molecular markers of disease, might enhance predictive accuracy of pre-RC nomograms [Shariat et al. 2008e ]. However, the limited ability to predict nodal Therapeutic Advances in Urology 1 (1) metastases indicates that the accurate pretreatment prediction of this outcome represents one of the challenges in urologic oncology.
Post-operative nomogram for prediction of disease recurrence and survival after RC Several post-RC nomograms have been developed to predict the natural history of surgically treated bladder cancer and to assist in the decision process regarding the use of adjuvant therapy after RC [Bochner et al. 2006; Karakiewicz et al. 2006a; Shariat et al. 2006b ]. The BCRC used the dataset described above to determine the probabilities of recurrence, cancer-specific and all-cause mortality at 2, 5 and 8 years after surgery (Figures 1 and 2 ; available at www. nomogram.org) [Karakiewicz et al. 2006a; Shariat et al. 2006b ]. To address each of the three outcomes, three separate nomograms were developed and internally validated. All three exceeded the accuracy of the American Joint Committee on Cancer (AJCC) stage groupings, as well as of the individual predictors. All showed excellent performance characteristics, which virtually corresponded to ideal predictions. The recurrence nomogram (accuracy: 78%) relied on pathological T and N stages, pathologic grade, presence of LVI and CIS at RC, as well as the delivery of chemotherapy (either neo-adjuvant, adjuvant or both), and/or radiation. The cause-specific mortality nomogram accurately predicted in 78% of cases and the all-cause mortality nomogram in 73% of cases.
The authors demonstrated that their nomograms were significantly more accurate/discriminatory than the AJCC-staging risk grouping resolving some of the heterogeneity of outcome prediction within each AJCC-staging risk group. Moreover, the nomogram predictions were tailored to the risk posed by the characteristics of an individual's cancer, which is more relevant to the patient than are group-level probabilities.
In the same year, the International Bladder Cancer Nomogram Consortium (IBCNC) published a post-operative nomogram predicting the risk of recurrence at 5 years following RC and pelvic lymph node dissection (available at www.nomograms.org) [Bochner et al. 2006 ]. The dataset developed for this study included over 9,000 patients from 12 centers including the BCRC data. Age, gender, grade, pathological stage, histological type, lymph node status, time from diagnosis to surgery were significant contributing factors in the nomogram. The predictive accuracy of the nomogram (75%) was statistically superior to either AJCC TNM staging (68%) or standard pathologic grouping models (62%).
The recurrence nomogram of the IBCNC is more generalizable than that of the BCRC and can be applied to patients with histological variants other than UC. The BCRC nomogram is best suited for patients from the United States and may be exclusively applied to patients with UC. Despite these limitations, the BCRC nomogram offers a 4% accuracy advantage (78% versus 74%) compared to the IBCNC nomogram. This may be due to a higher homogeneity of the population in the BCRC study. In addition, the BCRC offers a suite of nomograms predicting all cause and cancer-specific survival in addition to tumor recurrence. Furthermore, their models provide 2-, 5-and 8-year predictions while the IBCNC nomogram provides only 5-year prediction. This feature allows better identification of early bladder cancer recurrences, which represent the most aggressive type of recurrences.
Several limitations of nomogram approaches to patient risk stratification should be noted. First, and foremost, all currently available predictive tools in bladder cancer are not perfectly accurate. Because of difficulty with uniform data collection, inherent in multi-institutional collaborative efforts, important surgical parameters, such as timing of RC, margin status, extent of lymph node dissection and lymph node density are not reflected in currently available predictive models. The retrospective nature of the data collection imposes the limitations associated with bias in data acquisition and prospective validation and adjustment is imperative. Furthermore, all available nomograms were derived and are applicable to centers of excellence for bladder surgery. Their applicability in different clinical settings must be viewed with caution and certainly requires additional validation. Finally, any further improvement in predictive accuracy of nomograms may require the integration of molecular prognosticators, as clinical and pathologic prognosticators alone appear to have limited prognostic ability.
Other post-operative tools for prediction of disease recurrence and survival after RC As an alternative to nomogram-based modeling, Bassi et al. developed an ANN utilizing gender, age at surgery, LVI, pathological T and N stage, grade, presence of concomitant prostatic adenocarcinoma and history of upper tract UC as input variables for prediction of 5 year all-cause survival after RC [Bassi et al. 2007] . In a single institution cohort of 369 patients, the prognostic accuracy of the ANN (76%; based on 12 variables) was slightly superior to the logistic regression model that was based on only two statistically significant variables (75%; stage and grade) [Bassi et al. 2007] . Unfortunately, the comparison of the accuracy of both models was performed on the same population that served for model development, which undermines the validity of such comparison.
Nomograms including novel biomarkers
There is ample room for improvement of the accuracy of current predictive tools. Better modeling of the data, use of larger datasets, and more systematic and focused data collection (e.g., tighten the definition of symptom status) may help to improve the nomogram accuracy. The limited accuracy of current models is partially related to the heterogeneous biologic behavior of tumors with the same clinical and/or pathologic features. The integration of novel biomarkers and/or data derived from imaging tools, that are associated with the biologic behavior of bladder cancer may help improving the accuracy of nomogram predictions. In addition, the emergence of new therapeutic approaches for bladder cancer cannot flourish without a set of markers to serve as prognosticators and/or therapeutic targets. However, despite numerous reports of promising new biomarkers have been reported in the urological literature [Margulis et al. 2008a; Shariat et al. 2008e; 2007c; Karam et al. 2007] , only four studies to date have demonstrated a statistically significant improvement in predictive accuracy, when biomarkers were added to established predictors in the tool setting Karam et al. 2007; Catto et al. 2003; Qureshi et al. 2000] . One of these studies, for example, demonstrated that the addition of a panel of five well-established cell cycle regulatory bio-markers (p53, pRB, p21, p27, and cyclin E1) improved the predictive accuracy of competing-risk nomograms for prediction of bladder cancer recurrence and survival following RC for patients with pTa-pT3, node negative tumors by a clinically significant margin (Figure 3) . Two smaller studies have added biomarkers to standard clinico-pathologic features using ANN and neuro-fuzzy modeling [Catto et al. 2003; Qureshi et al. 2000] . Prediction tools such as these, that incorporate pathological and molecular information could form the basis for counseling patients regarding their risk of disease recurrence following surgery and for designing clinical trials to test adjuvant treatment strategies in high-risk patients.
Final considerations
Bladder cancer patients need to be involved in the decision-making process, regarding the management of their disease. They should know what their options are and what the consequences can be for each option. Ideally, patients would make their own treatment decisions. At the core of any patient involvement would be accurate prediction of consequences and, essentially, a spreadsheet of these predictions tailored to the individual. This spreadsheet would represent informed consent for any medical decision. Providing this should reduce the likelihood of regret of treatment choice, particularly when complications arise.
Continuous multivariable models such as nomograms are a highly appealing means of calculating accurate predictions with or without the use of a computer. Many nomograms have been constructed for patients with bladder cancer. Nomograms currently represent the most accurate and discriminating tools for predicting outcomes in patients with bladder cancer. When faced with the difficult decision of choosing among the treatment options for each clinical stage of bladder cancer, the nomograms provide patients with accurate estimates of outcomes. Equipped with this information, the patient is more likely to be confident in their treatment decision and less likely to experience regret in the future. However, it should be emphasized that nomogram predictions must be interpreted as such; they do not make treatment recommendations or act as a surrogate for physician-patient interactions, nor do they provide definitive information on symptomatic disease progression or complications associated with treatments.
The fundamental issue raised by opponents of predictive tools, such as nomograms is regarding their utility. Indeed, very limited data exist with respect to the impact of nomograms on MDM. There are no prospective randomized studies that clearly demonstrate that the use of nomograms improves patient care. Despite studies showing that decision aids improve patient knowledge and affect MDM behavior [O'Connor, 1999] , the role of nomograms has yet to be proven. A clinical trial would be very valuable for establishing the effect of nomograms on patient MDM; however, whereas informing patients with predictions regarding the impact of a medical procedure seems ethical, withholding accurate outcome predictions from patients to achieve equipoise in a randomized trial, where the control arm lacks this information, does not. Presently, patients are using very limited information when making their decisions, and direct outcome predictions are the simplest factors for them to consider; MDM is facilitated when patients can see tailored predictions of their outcomes with various alternatives.
Besides improved MDM, accurate risk estimates are also required for evaluation of novel markers and clinical trial design, to ensure homogeneous high-risk patient groups for whom new cancer therapeutics will be investigated. Prediction models have the potential of improving the ability of Phase II trials to discriminate between ineffective and potentially effective therapies. As in most Phase II trials, both the expected response rate from standard care and the actual response rate of novel therapy are group level estimates: the researchers simply take the number of patients who respond and divide by the total treated to get a proportion. This takes no account of individual patient characteristics and therefore implicitly assumes similarity of trial patients and historical controls. However, trial patients may differ from controls in terms of performance status, prior experience of chemotherapy, and extent of disease, or other prognostic factors. Apparently promising or disappointing results from a Phase II treatment trial can be merely the result of such differences [Bajorin, 2004] . For Phase III trials, prediction models can help to ensure that eligible patients are at sufficient levels of high-risk, thereby increasing event rates and reducing sample size requirements. Risk prediction models define high-risk patients more accurately than risk-grouping strategies. Use of risk predictions for individual patients, therefore, decreases the proportion of low-risk patients enrolled, avoiding unethical inclusion, as well as increasing statistical power. Finally, future designs of Phase III trials should include prediction models to increase the clinical utility of their findings. We, therefore, recommend the wider adoption of risk prediction models in the design, analysis, and implementation of clinical trials.
Conclusions
In conclusion, despite the limitations of data, nomograms provide optimum accuracy for individualized evidence-based MDM of bladder cancer. Patients, administrators, peers, and third party payers increasingly demand to have an objective justification for almost all clinical decisions. Evidence-based nomograms can provide individualized estimates for a number of endpoints in urologic oncology. Moreover, when determining the usefulness of nomograms, many patients want to know their likely outcomes, and most clinicians would like to provide accurate estimates of those outcomes. When a nomogram is available, little else is able to make more accurate predictions of outcome, which confirms the usefulness of nomograms.
